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Abstract: Energy is engaged in the supply chain of many economic sectors; therefore,
the environmental impacts of the energy sector are indirectly linked to those of other sectors.
Consequential life cycle assessment (CLCA) is an appropriate methodology to examine the direct and
indirect environmental impacts of a product due to technological, economic or social changes. To date,
different methodological approaches are proposed, combining economic and environmental models.
This paper reviews the basic concept of CLCA and the coupling of economic and environmental
models for performing CLCA in the energy sector during the period 2006–2020, with the aim to provide
a description of the different tools, highlighting their strengths and limitations. From the review,
it emerges that economic modelling tools are frequently used in combination with environmental
data for CLCA in the energy sector, including equilibrium, input-output, and dynamic models. Out of
these, the equilibrium model is the most widely used, showing some strengths in availability of data
and energy system modelling tools. The input-output model allows for describing both direct and
indirect effects due to changes in the energy sector, by using publicly available data. The dynamic
model is less frequently applied due to its limitation in availability of data and modelling tools,
but has recently attracted more attention due to the ability in modelling quantitative and qualitative
indicators of sustainability.
Keywords: consequential life cycle assessment (CLCA) concept; economic and environmental model;
energy sector
1. Introduction
Greenhouse gas (GHG) emissions from the energy sector are considered as a hot spot at the
national and global scale due to their large share of the total emissions. According to the European
Environment Agency, energy production and consumption contributed to 76% of the EU-28 and
Iceland’s GHG emissions [1]. Meanwhile, energy is engaged in the supply chain of economic sectors,
as the economic sectors in society require energy to produce their added values. Therefore, any increase
in energy demand for different economic sectors will induce changes in the energy sector and its GHG
emissions, and vice versa.
Life cycle assessment (LCA) is a holistic approach to quantify potential environmental impacts of
a product system throughout its life cycle [2], with two main variants: Attributional and consequential
LCA (CLCA). While the attributional LCA (ALCA) quantifies the physical inflows and outflows
directly related to the product system, without considering the effects that it can generate on other
economic sectors, the CLCA expands the system boundaries by including the marginal or avoided
impacts induced by a change in the product system on other economic sectors. The product system
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can be considered as a “partial process” that overlaps and influences other processes [3]. New spatial
and temporal boundaries of the product system must be defined in CLCA, according to the goal of
the analysis.
CLCA accounts for both environmental impacts during the supply chain of the product system,
as well as the impacts originated from changes of the examined system in other economic sectors,
which are implied as direct and indirect environmental impacts in this paper, respectively. In the
energy sector, the consequential approach is highly important due to the fact that it interacts with most
economic sectors in society. In this paper, the term “economic sectors” denotes system of national
accounts economic (production) sectors, which are described in monetary and economic flows [4].
Originally, CLCA was defined as aiming “at describing the effects of changes within the life
cycle” [5]. Similarly, other authors defined CLCA as “an approach describing how the environmentally
relevant physical flows to and from the technological system will change in response to possible changes
in the life cycle” [6] or “an approach to estimate how flows to and from the environment will change as a
result of different potential decisions” [7]. CLCA is usually based on a quantitative analysis and this can
represent a limit of the methodology, considering that economic growth involves not only quantitative
changes but also qualitative transformations, as suggested by Georgescu-Rogen [8]. This aspect should
be further integrated in future CLCA studies or in any case, a trade-off between CLCA outcomes and
other qualitative aspects should be integrated in multi attribute decision making processes.
Soimakallio et al., who agreed with [5], defined CLCA as a method for describing potential
changes in environmental impacts of a product system in response to possible decisions that would
have been or will be made [9]. These definitions focus on the causal relationship of CLCA approach
which occurs during different processes over the product system’s life cycle, and it is not clear on
the nature of the change, i.e., whether the change occurs due to a technological improvement during
the supply chain of the product system or it originates from increased demand of the product or of
relevant co-products.
The changes in product system and its environmental impacts may occur within its own boundary.
These changes may be physical changes of the product system, for example, change in the carbon stock
of land used for bioenergy will induce change in bioenergy GHG emissions. Other examples, such as
change in the solar radiation (nature) or wind generator efficiency (equipment), which induce change
in the output of the renewable energy systems, consequently change the environmental impacts of the
systems. At this point, the consequential approach quantifies the environmental impacts by taking the
absolute value of the impacts of the studied product system after and before change, without the need
to consider the product system under the linkage with other economic sectors.
It should be noted that this concept does not at all ignore the circularity effect of conventional LCA,
in which (partial) outputs of one process are inputs for others. A simple example follows: To generate
fossil fuel based power, we need minerals or fuels such as coal or natural gas. In turn, we need power
(energy) to mine coal or to exploit natural gas. This creates a loop of physical inputs and outputs over
the product system’s life cycle. On one hand, this loop results in a circulation of energy and material
inside the product system boundary, and at the end of the day, it raises a question of net energy and
material output [8]. On the other hand, we must not forget the role of other inputs contributing to
a product system other than environmentally physical ones. These include socio-economic inputs
such as capital and labor [8]. As a consequence, it returns to the importance of identifying the system
boundary of a CLCA [3].
In any case, still now the establishment of the boundary is one of the most debated questions
of CLCA. However, including or excluding some processes is sometimes done inconsistently,
using different arguments, which leads to different results.
Some authors extended the definition of CLCA to include the environmental impacts on other
sectors due to market related changes. For example, Nielsen et al. assessed the environmental impacts
of the product system in which “environmental profiles are compiled by addressing changes induced
by a change in demand for the company’s products” [10]. Earles and Halog defined CLCA as “an
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emerged modelling approach for capturing environmental impacts of product systems beyond physical
relationships accounted for in ALCA” [11]. Earlier, Georgescu-Rogen mentioned the solution for
including impacts of economic activities and the energy- material flows by considering the energy sector
under a set of economic processes instead of a thermodynamic flow [12] and proposed the passing to
the multi process matrix to better cover several socio-economic indicators which are unavailable in the
input-output matrix [13].
These authors agreed on the economic relations between the studied product system and other
economic sectors, therefore, there will be indirect environmental impacts due to a change in the studied
product system on other relevant product systems and vice versa. As an example: the EU bioenergy
policy requires the bioethanol consumption by 2030, which causes an increasing demand of this product
system in the same timeframe. In order to meet that demand, bioethanol exporters to EU market, e.g.,
from Malaysia, have to produce more bioethanol. This will require more inputs (land, seeds, fertilizers,
etc.) in Malaysia to grow energy crops. At the same time, the amount of co-products of the bioethanol
production process, e.g., animal feeds, will increase. As a consequence, the environmental impacts
of the bioethanol product system will now equal to the direct impacts of bioethanol, adding indirect
impacts from increased bioenergy production in Malaysia, subtracting indirect impacts from reduced
animal feeds being substituted by Malaysian animal feeds.
The coupling of environmental and economic metrics has been studied for a long time. It started
with the effort of linking demand on energy sources and economic activity [14]. The consumed resources
were vast in terms of natural resources, such as copper in Leontief cited in [14], nitrogen in Herendeen
cited in [14] or social resources such as labor in Bezdel and Hannon cited in [14]. These resources were
initially focused on their embodied energy [14] and were later broadened into energy and material,
for example raw materials equivalents tools and the database of Eurostat [15], and the System of
Environmental Economic Accounting database of the United Nations [16]. This coupling quantified
the energy and material used for the product or service itself, as well as those used in the background
processes during the production of that product or service.
However, there are risks on mixing different approaches based on physical valuation, e.g., energy
analysis, material flow analysis, and economic valuation, for example double counting [8], combining
different metrics [8] and uncertainty due to transformation of energy [14]. The proposed solution for
this analysis was to use a processed based matrix composed of both economic and physical inputs and
outputs [8]. In other words, the transformation of pure economic input-output methodology or pure
(physical) energy and material analysis methodology to get the best of both worlds.
In this paper, we follow the latter notion of CLCA, in which environmental profile of the product
system includes both direct and indirect impacts, originating from the change in the product system
life cycle, while interacting with other aspects of the economy and society. In order to fully assess
these indirect impacts, it is necessary to include economic modelling in CLCA. This paper will review
the current state-of-the-art of CLCA studies in the energy sector. It will focus on the combination
of economic and environmental models for performing CLCA in the energy sector, with the aim to
provide a description of the different tools used, highlighting their strengths and limitations.
2. Methodology
The systematic review was conducted using a 5 step approach, as follows: Develop research
questions; find relevant studies; appraise quality and extract data; synthesize and interpret [17].
The research question is as follows: ‘If something changes in the energy sector, what are the tools
for modelling both the direct and indirect environmental effects?’ The literature search was then
conducted on Web of Science and Science Direct using CLCA and energy sector as the search terms.
Other variants of CLCA such as ‘dynamic’, ‘change’ and ‘causal’ have also been searched for, by using
the algorithm of CLCA OR dynamic OR change OR causal AND energy sector. The initial results
included 221 papers on CLCA papers related to energy. These papers were primarily screened through
the titles and abstracts to exclude those that were relevant to food energy, or that considered energy as a
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medium during the production line, instead of the product system. At the end of the primary screening,
there were 118 papers including both methodology papers and case studies. These 118 papers went
through the secondary screening for their general application such as geographical coverage, temporal
horizon and use of economic modelling. At the end of the secondary screening, there were 43 case
studies using applied economic models in combination with LCA. These papers were quoted and
specifically reviewed for their applications of economic models and LCA.
3. Results and Discussion
3.1. Application of CLCA in the Energy Sector
The initial review includes 118 papers published from 2006 to 2020 on three topics: Bioenergy,
power and other. The numbers of papers by year and topic are presented in Figure 1. Research on
CLCA was scarcely conducted before 2010. The number of papers has increased steadily since 2011
and peaked in 2017. Papers on the topic of ‘bioenergy’ accounted for 56% of the total number of papers.
This may originate from the interrelation of bioenergy and other sectors such as agriculture in terms of
land use change, and transportation in terms of globally scaled geographical lines of biofuels, and
social controversy between the 1st and 2nd generation of biofuels. The number of studies on the
topic ‘power’, which include papers on electric power of all types, was very little in the first half of
the research period, but has recently increased, with six papers in 2019. This can be explained by
the change in the power system, with the integration of renewable power such as wind and solar,
and consequently energy storage systems, which require the need of a CLCA approach to model
environmental impacts in relation with power system changes. Papers on topics of ‘other’ account for
a small number of total papers (20/118 papers). These cover different product systems such as fuel cell
bus, hydrogen, electric vehicles (not to be used for vehicle-to-grid applications), heat, fossil fuels.
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There is a large difference in geographical coverage of CLCA studies. Out of 102 case studies,
74 were conducted within the EU and UK boundary, this accounts for up to 73% of studies. Meanwhile,
only a small number of studies were conducted elsewhere around the world, in Asia (11), America
(8), Australia and New Zealand (2) and Africa (1). Interestingly, 5 studies were conducted at the
global scale, which try to identify the global marginal energy mix, for example global nuclear power
development [18], global electric mix [19], global low carbon electricity [20], global biofuel transport [21]
and long term marginal electricity mix of 40 countries [22].
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In term of temporal horizon, two papers [23,24] out of 102 case studies modelled the change in
the past through a survey and monitoring program. Specifically, Hou et al. conducted a monitoring
project and a questionnaire survey on biogas consumption and leakage and digestate quantities for the
two villages in China [23]. Data in the study were obtained in 2010 to calculate the GHG balance and
in 2014 to evaluate changes in rural household biogas systems [23]. Meanwhile, Moore et al. carried
out an analysis of various scenarios with two control variables: Crop management techniques and
source of nutrients for sugarcane crops to examine the effects of replacing chemical fertilizers with
vinasse and filter cake during ethanol production [24]. These scenarios were developed for the period
of 2011–2015, and the changes were quantified based on a substitution approach, through screening
governmental documents and literature [24].
There were several papers (23% of the total case studies in the review) which did not clarify the
studied timeframe. The change in the physical or biophysical flow of the product system, for example
changes in soil organic carbon [25,26], or in protein feed [27], is considered relatively constant over
time. Furthermore, most of them did not apply any economic model, except for one study using
system dynamics.
The remaining papers studied the change in the product system for short or medium to long term.
The short timeframe is every 30 min, hourly or monthly, and this was applied in 5 studies [19,28–31]
which were recently conducted on power/heat generation systems. For medium to long term timeframe,
there were 56 papers, accounting for 55% of the reviewed case studies, ranging from 3 to 21 years of
cycle crop or lifecycle of the product system [32–36] to 10, 20, 30, or 40 years. The studied timeframe
ranged up to 200 years of forecasting scenarios, with product system of a 6 MW bio heat plant in
UK [37].
Out of 102 case studies, 59 did not apply any economic modelling. They conducted a CLCA by
developing different scenarios taken from governmental reports and plans, and identified marginal/
affected technologies based on change in carbon flows or reviewing historical LCA studies, journal
papers and published plans with results of economic model simulations. As this systematic review
concentrates on the combination of economic and environmental models for performing CLCA, these
papers have been excluded.
The remaining 43 papers, which are the main focus of the review, applied one or several economic
models, in combination with LCA to model the indirect environmental changes. An example of
coupling economic models and LCA is presented in Figure 2. Among papers that coupled economic
models and LCA, the most frequently applied approaches included partial equilibrium model (PEM),
general equilibrium (GE), input-output (IO), agent based modelling (ABM) and system dynamic (SD)
models. A third of the papers used several models in combination, i.e., concurrently applying PEM
+ GE, or PEM + IO, or GE + IO. The application of a dynamic model such as ABM and SD is less
common than equilibrium and IO models.
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3.2. Partial Equilibrium Model
3.2.1. Conceptual Model
The PEM explains the behavior of supply and demand of the product system as one part of the
economy. The product sys ems, wh ch are considered with PEM, can be any product of the economic
activities and is not limited in the energy sector. This economic model focuses on the primary relations
of supply, demand and price of the product system, and considers the product system and being partial
closed to other economic sectors, i.e., the impacts of other economic sectors on the product system can
be linked by changing parameters and variable exogenously [39].
This type of model analyzes the immediate or primary effects of economic disturbance, or the
possible effects of a policy on one or several markets, in which any change in price will induce change
in supply and demand of the pr duct system. There ar thr e endogenous vari bles in the PEM:
supply, demand and price, which are determined by the solution of the model (see Equations (1)–(3)
for a simple PEM). There are also several coefficients or parameters to reflect th reactions f demand
and supply to the price. Depending on the specific PEM modelling tools, there are several exogenous
parameters such as gross domestic product (GDP), inflation, population growth, price of input material,
investment capital for technology, etc., which impact either supply or demand. The equilibrium price
solution of the model can be obtained through setting demand equal to supply.
The mathematical equations for PE are presented as follows:
Qd = Qs (1)
Qd = a− bP (2)
Qs = cP− d (3)
in which:
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Qd is the demanded quantity of the commodity;
Qs is the supplied quantity of the commodity;
P is the price of commodity.
a, b, c, d are fixed or exogenous coefficients/parameters, which can be altered depending on the
specific PE modelling tool, for example GDP, population growth, price of input material, or investment
capital for technology.
3.2.2. Operational Model
The PEM has been coupled with LCA to estimate indirect environmental impacts originating from
market force [40]. For example, Bouman et al. cited in [11] examined the effectiveness of several tax
instruments on reducing the amount of mined, landfilled, and emitted lead from batteries. Ekvall and
Andrae cited in [11] explored the impacts of lead solder ban in the electronics industry. Earles et al.
analyzed energy demand scenarios in the case that more wood is used for ethanol production [41].
Vázquez-Rowe et al. assessed environmental changes in the agricultural sector in Luxembourg linked
to an expected increase in maize cultivation for energy generation [39].
Due to the fact that the PEM considers the product system without connection to the rest of
the economy, the coupling of PEM and LCA is frequently applied to an industry or an economic
sector [42]. Several authors clarified that the PEM and LCA coupling is suitable to study one or two
closely related sectors with 5 to 20 products [43,44]. This is true for all reviewed case studies which
applied PEM and LCA, with focus on one sector of energy production [22,29–31,44–51], or two sectors
of energy production and waste management [52,53] or energy production and agriculture/forest/crop
growing [39,41,54–62].
The coupling of PEM and LCA is mostly applied at macro geographic areas. Most of the reviewed
PEM and LCA case studies (19 out of 24) were conducted at the national level. There are four case
studies using PEM and LCA at the regional scale, e.g., expanding the geographical boundary to several
countries by including import and export. Katelhon et al. and Beaussier et al., who agreed with this
point, identified that the geographical boundary of PEM ranges from the macro to meso scale [42,43].
Interestingly, one case study used PEM and LCA at the global level to identify the long-term marginal
electricity supply mixes of 40 countries in the period of 2015–2030 [22].
The coupling of PEM and LCA can run in various time horizons, either very short or medium,
and long term. For the very short term, PE-LCA was applied to identify the impacts of marginal energy
production and consumption hourly, monthly or even every 30 min [29–31]. The medium and long
terms are common among the reviewed case studies, with up to 20 papers conducting a CLCA over a
time frame of 15 to 20 years, and one paper with the time frame of 40 years.
The high percentage of coupling PE and LCA in the energy sector among reviewed case studies
indicated that it seems to be the most common tool. This may originate from the availability of energy
system modelling tools, which are mostly based on PE principles, such as NELSON, E2M2, Euroelectric,
Energy 2020, ETM-UCL, Balmore, TIMES, MIRET, MARKAL, network impact assessment model,
emissions reduction cooperation model, energy techno-economic model, JRC-EU-TIMES. The coupling
of PE and LCA, therefore, takes the advantage of available data of energy system modelling tools.
PEM and LCA models can be coupled following these steps:
• Run the PE model to obtain the marginal data, and;
• Run the LCA model to quantify the environmental impacts related to the changes in the
product system.
As the two models of PEM and LCA are run independently, it is time consuming and costly to
match PEM results and LCA. There may be an incompatibility between outputs of PEM and life cycle
inventory databases, for example marginal products obtained by PEM are not directly matched with
Ecoinvent—the most common life cycle inventory database [41]. At the same time, the independence
of the two models also requires each PE model for every LCA [53]. In spite of these limitations, it is
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possible to match the outputs of PE and life cycle inventory database. The outputs of PEM include
marginal technologies and energy production which are used as the inputs of energy consumption in
LCA model.
The coupling of PEM and LCA offers the efficient modelling of consequential effects based on
economic indicators. It can model indirect environmental impacts due to simple changes in supply,
demand and price [43]. Eriksson et al. compared five combined heat and power technologies based on
waste incineration and combustion of biomass or natural gas in Sweden. At a different fuel price, there is
a change in the marginal electricity production and consumption (coal based or renewables based),
and consequently in the technologies’ environmental profiles [53]. Pehnt et al. analyzed potential CO2
reduction of offshore wind power. At different certificate price, the operation and expansion of the
electricity mix of renewable and conventional power plants was altered, which consequently changed
the net CO2 reduction of offshore wind power [44]. Escobar et al. combined PE and LCA to determine
the feedstock combination for domestic biodiesel production in Spain and quantified its associated
impacts. The PEM was used to predict the optimal feedstock mix based on farmers and biodiesel
plant owners’ welfare. Depending on the types and origins of the feedstock mix, the GHG savings of
biodiesel were altered [58].
The coupling of PEM and LCA offers a detailed assessment of a specific product. Therefore,
CLCA of one product cannot be applied to other similar products. Eriksson et al. and Pizarro-Alonso
et al. applied PE and LCA in waste-based energy generation in Nordic countries and in Denmark,
respectively [52,53]. These two studies applied the same methodology on the same product system in
a similar context. Therefore, a similarity between these studies was expected. However, the results,
in fact, convey two different results. In Eriksson et al.’s study, the results showed that waste incineration
is better than landfill, but worse than recycling. On the other hand, Pizarro-Alonso et al.’s study
showed climate benefits of waste trade at present as well as in the long term. The only similarity in the
two studies’ results is that the environmental benefits of waste-based energy generation are sensitive
to waste management approaches (landfill or recycle) and energy policy (energy importing/exporting
countries, marginal electricity mix), which were in fact determined by simulations of PEM for energy
system development and waste management systems.
3.3. General Equilibrium Model
3.3.1. Conceptual Model
The GE model explains the behavior of supply and demand of the product system in the economy
as a whole. It considers the supply, demand and price of the product system in relation to those of
other economic sectors. GE expands the modelling to indirect effects of economic disturbances of
different sectors on the market on the studied system [39,42,43].
Similar to PEM, there are three types of endogenous variables in the GE: Supplies, demands and
prices, which are determined by the solution of the model (see Equations (4)–(6)). There are also several
coefficients or parameters that reflect the reactions of demands and supplies of the commodities to the
prices. For the solutions of the model at equilibrium, the prices would satisfy the requirement that the
demand equals the supply of all markets for different commodities, simultaneously.
The mathematical equations for GE are presented as follows:
Qi, d = Qi,s (4)
Qi,d = a1,..., n − b1,..., nP1,...,n (5)
Qi, s = c1,...,nP1,..., n − d1,...,n (6)
in which:
Qi,d are the quantities demanded of the commodities;
Qi,s are the quantities supplied of the commodities;
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P1, . . . ,i are the prices of commodities;
i are the commodities, ranging from 1 to n;
a, b, c, d are fixed constants parameters of the economy and commodities, which can be altered
depending on the specific GE modelling tool.
3.3.2. Operational Model
The GE model (and its variant Global Trade Analysis Project (GTAP)) was coupled with LCA
to assess the indirect environmental impacts in relation with market or policy changes in the whole
economy. For example, Dandres et al. quantified potential global environmental impacts on human
health, global warming, natural resources and ecosystems due to changes in the EU’s bioenergy policy
and bioenergy generation, respectively [63,64]. Oladosu studied the impacts of increased bioenergy
use in the US on global GHG emissions [65]. Dunn et al. evaluated global GHG emissions due to land
use change for bioethanol in the US [66]. Other authors even combined several economic models of
GE, PEM and IO with LCA, for example, Igos et al. evaluated the EU’s GHG emissions according to
the energy policy of Luxemburg [38]; or Some et al. studied changes in the bioenergy policy of the US
and the EU, and its implication on global GHG emissions [21].
The GE model considers the product system in relation to the whole economy, as a result,
the coupling of GE and LCA covers a large number of sectors and includes several regions.
All reviewed case studies cover several economic sectors and regions, specifically 20 economic sectors
in 13 regions [63,64], 33 economic sectors in 18 regions [65], 16 economic sectors in Luxembourg [38].
Apart from one case study being conducted at the national level to quantify regional impacts [38],
the remaining six case studies applied GE and LCA to assess the global environmental impacts due to
changes at the national level [21,63–67].
The coupling of GE and LCA shows the highest effectiveness in the medium to long term studies.
All reviewed case studies were conducted for at least 15 years and up to a 30 year horizon, for example
15 years from 2006 to 2020 [21], 25 years from 2005 to 2030 [38], policy by 2030 with GTAP running
from 2005 to 2010 [63], 20 years from 2005 to 2025, with GTAP running in 5 year steps [64], policy by
2030 and GE running from 2001 to 2010 [65], and by 2040 [66]. There is no study applying GE and LCA
for modelling short term changes, for example several years of crop cycle or hourly/daily power/heat
generation, which can be observed in studies combining PEM and LCA.
The coupling of GE and LCA provides comprehensive outputs thanks to dealing with indirect
environmental effects due to change in supply, demand, price of product systems in different economic
sectors. GE-LCA allows significant changes affecting large systems with a global modelling of economy
to be studied [64]. It extends the modelling to off-site effects of other economic sectors on the studied
product system [43]. Dandres et al. compared the results of PEM and GE based CLCA on bioenergy
policy and identified that while the indirect environmental impacts of bioenergy policy are insignificant,
when being quantified with PEM based CLCA, they constitute the main part of the total environmental
impacts in the GE based CLCA approach [63]. Due to the improved modelling of interactions among
economic sectors, the GE and LCA coupling is deemed to perform better in quantifying indirect impacts.
GE and LCA are coupled by running a GE model (mostly Global Trade Analysis Project or its
variants) to predict economic disturbances caused by changes in policy or market. These disturbances
will cause change in demand and production of all economic sectors. The obtained data is then
mapped with inventory databases to quantify life cycle environmental impacts [64]. Due to the
incompatibility between the GE results and life cycle inventory, it would require effort to combine the
two databases [64]. Also, due to this incompatibility, some processes or commodities are not available
in either GE or life cycle inventory, consequently, they have been excluded or other similar processes
are used [64]. This causes uncertainty in the obtained results.
In order to increase the detail of the studied sector, the input data required for GE model is directly
taken from PE simulation or indirectly taken from literatures which are results of PEM simulations to
develop policy/market scenarios of the studied product system [38,63,64,67]. Therefore, it would double
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time for data collection and scenario development conducting a GE based CLCA study, compared to
PEM based CLCAs. Moreover, the application of several approaches would, again, hinder uncertainty
during GE and LCA coupling.
In contrast with the comprehensiveness results offered by GE based CLCA, one of its limitations is
the low detail at product level. The affected products and the affected processes of the product life cycle
cannot be clearly identified [5,42,43]. In GE model, each main product corresponds to one economic
sector. If there is any change in the manufacturing process of the product, or any technological
revolution occurring during the product’s life cycle, GE models the change by reducing or increasing
the commodity inputs for manufacturing that product. Therefore, in order to identify the origin
of environmental impacts of the product system, several sensitivity analyses need to be conducted.
For example, in order to identify whether the environmental impacts mostly come from imported
or domestic commodity inputs, we need to conduct a lot of sensitivity analyses, by decreasing or
increasing the value of these inputs.
At the same time, there are tens to hundreds of technologies of a product manufacturing in practice.
Therefore, the technological efficiency is modelled in GE as being average in each economic sector.
On the one hand, it is impossible to model the substitution effects among alternative technologies [42],
for example, introducing a new technology to manufacture an existing product. On the other hand,
it is impossible to trace the rebound effect of the technological efficiency [64], as technology efficiency
reduces the price and increases the consumption of the product, which is in contrast with the modelling
principle of GE of reducing commodity inputs in case of technological revolution.
3.4. Input-Output Model
3.4.1. Conceptual Model
The IO model describes economic flows, including production, consumption, employment and
import/export, and their interrelations among different economic sectors and final users [43]. It allows
the calculation of the impact for entire sectors or economy rather than focusing on specific processes [51].
It shows how parts of an economic system are affected by a change in one part of that system (the
interdependency among industries) in the economy [43].
The IO model explains the relationship of the total outputs of all economic sectors and the final
demand of goods and service (see Equation (7)). The technological coefficients determine the output
requirements for each economic sector to satisfy the demand of goods and service. Any changes in the
final demand or the technological coefficients will cause a change in the needed outputs.
IO model is based on the following equation [68]:
X = (I −A)−1Y (7)
in which:
X is the vector of the total outputs needed to satisfy the final demand;
Y is the vector of the final demand of goods and services;
I is the identity matrix;
A is the matrix of technological coefficients.
3.4.2. Operational Model
The coupling of IO (and its variant, environmental extended input-output (EEIO)) and LCA has
been used to simulate the indirect impacts of changes in products’ inputs and outputs of several
economic sectors. Mathiesen et al. and Lund et al. coupled LCA and EnergyPLAN to identify marginal
energy technologies, applied in the Danish energy system [69,70]. Cellura et al. assessed the energy
and environmental impacts related to the consumption of Italian households in the period 1999–2006
and identified the economic sectors involving the highest impacts [68]. Katelhon et al. used an IO
model (technology choice model) in combination with suboptimal decision and factor constraints to
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determine the marginal GHG emissions of different biomass energy technology mixes [42]. Sherwood
et al. characterized the food, energy and water intensities of the US economic sector [71]. Gibon et al.
assessed the human health and ecological impacts of global low carbon electricity over its life cycle [20].
The coupling of IO and LCA provides a comprehensive presentation of the economy, covering 50
industries in all economic sectors in a large geographical coverage [43], or up to 428 sectors [71]. It was
also applied at global scale [20]. However, in Katelhon et al.’s study, IO-LCA was used to capture a
part of the economy, with narrow spatial boundary, which assessed the thermal generation and climate
change impact in a hypothetical rice plant in a province of Pakistan [42].
Similar to PE based CLCA, the coupling of IO and LCA was either applied for a short-term
horizon [69,70], with hourly change in the energy system, or for long term effects of technological
or policy changes [20,21,72]. The IO-LCA does not consider time series, it normally accounts for the
impacts at a static time [34,60,61].
As IO is based on data of all economic sectors of a country/region(s), the coupling of IO and LCA
may take advantage of public data, such as from the World Input-Output Database [73], to develop
an IO table [68]. The IO model also shares the similar computational framework with LCA [71], so it
requires less effort to collect the data as well as running the model. However, there is a disagreement
in the literature on the requirement of data for the IO and LCA coupling. According to Katelhon et al.,
IO-LCA requires more data than PE/GE-LCA [42].
The coupling of IO and LCA shows its effectiveness, also in modelling both direct and indirect
environmental impacts of a product system due to changes in other product systems. The modelled
consequential effects include both simple, direct and off-site impacts of the economy thanks to the
exhaustive background modelling [43–68]. The case study of Some et al. also showed that the coupling
of GE, IO and LCA enables a broader consideration for environmental effects of biofuel policies than
conventional LCA [21].
One limitation of IO-LCA is that it is based on fixed price. In other words, the changes in demand
or supply of the product are independent from its price. In order to model the interaction of price,
Lund et al. developed two scenarios of open and closed electricity market [69]. In open markets,
the model considers the connection of the studied energy system with regional grid, and the electricity
price is affected by the fluctuation in the regional grid market. In the closed market, electricity prices
are determined by the production costs of the marginal production unit at the given hour. These two
scenarios of price, together with technical constraints and optimized operational cost, were put into
IO based CLCA to calculate the hourly marginal electricity and heat production unit to meet the
demand [69].
Similar to GE based LCA, the IO and LCA coupling is criticized for its lack of detail at product
level. It assumes that there is only one product per one industry, consequently the process is not fully
described [71]. Therefore, technology revolution in the IO-LCA is modelled to be unchanged. Only in
McDowall et al.’s study, apart from the scenario of no technology change, the authors considered
change in the process in response to decarbonization policies [72]. As the authors combined PE, IO and
LCA, they can take advantage of the PE model simulations of the decarbonization rate of the industry
sectors producing energy technologies.
Interestingly, the study of Katelhon et al. proved that the coupling of IO and LCA can provide
details at the technology level [42]. They applied an IO model to determine the marginal GHG
emissions of different biomass energy technology mixes. The IO model allowed one product to be
produced by several technologies, without considering the cost factor. The technology mixes are
determined by factor constraints such as demand and natural resource, and inclusion of sub-optimal
decision on optimized cost pathway. The six scenarios of technological mixes utilized engineering
level data, and therefore provided high level of technological/sectorial detail [42].
3.5. Dynamic Modelling
In terms of the conceptual model, the coupling of dynamic modelling and LCA has been used
to assess the impacts of dynamic interactions of a product system over its life cycle. The common
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dynamic models include ABM and SD. ABM simulates the effects of one agent on the system, while SD
considers different agents’ interaction within the system as a whole.
Specifically, in the energy sector, the ABM and LCA have been coupled to assess the life cycle
environmental impacts of dynamic product system. Specifically, Davis et al. computed the contribution
of energy technologies to global warming in the case that a policy on carbon tax is implied, while
considering the demand, supply and profit of the technologies [74]. Miller et al. proposed a framework
of ABM and LCA to understand the development of renewable energy technology for 20 years using
Bayesian probabilities [75]. Florent and Benetto assessed environmental impacts of electric vehicles
under different mobility policies in Luxembourg between 2013 and 2020 [76].
SD and LCA have been coupled to understand the impacts of the product under the systematic
and dynamic interactions over time. Onat et al. assessed the life cycle sustainability of conventional,
electric, hybrid and plug-in hybrid vehicles in the US from 2015 to 2050, in which seven sustainability
impact categories were dynamically quantified [77].
The review indicates that the coupling of dynamic model and LCA is applied for one sector.
This coincides with Beaussier et al.’s study, which clarified that ABM-LCA was frequently used for one
(or several) product(s) of one sector [43], with one product in [74,75,78,79] and four products in [76,77].
The coupling of dynamic model and LCA shows its effectiveness in modelling changes in the
medium to long term. The changes of the product system are modelled for 8 to 40 years [75–78].
Interestingly, the dynamic model and LCA coupling offers the simulation for time serial, for example
one year steps of product/technology evolution [75,78].
The combination of dynamic model and LCA performs well in modelling the technological change
at the very micro level, but can also model the sector interactions at the very macro level. At the
technological level, some authors applied ABM and LCA to evaluate environmental impacts of an
emerging technology. Miller et al. modelled the technology producing bioenergy from switch grass in
the US, in which the adoption of technology is analyzed under behavior agents of individual resistance
to change, profitability and familiarity on land adoption for biomass based energy [75]. In Florent
and Benetto’s study, the environmental impacts of four different types of electric cars were modelled
with the decisional agents based on types of car, segment, consumption weight, travelling distance,
and selling of car during the use phase under four policy scenarios [76].
At the macro level, Onat et al. applied the SD-LCA to model the life cycle impacts of four different
types of US vehicles in relation to the three pillars of sustainability: Economy, environment and
society [77]. The modelling, therefore, provides a comprehensive view on sustainability of the US
transport system [77].
The coupling of dynamic model and LCA works with socio-economic data. On the one hand,
it would be problematic to collect the specific behavior and socio economic data, which sometimes
is unavailable [75,76]. Moreover, it causes a great deal of uncertainty due to the availability of data,
and dependence on the scenario and hypothesis [75–77]. This limitation, consequently, makes it a
predictive approach of forecasting how the change will occur more than for accounting purpose.
On the other hand, it performs well in modelling detailed systems with complex social economic
consequential effects, which is great in assessing sustainability over a product life cycle. In fact,
the coupling of the dynamic model and LCA is the only combination that can model the social
impacts such as employment, public welfare, human health [77] and social behavior such as
farmers/producers’ [74,75,78] and consumers’ decision [76,77]. As a result, it is suited to the problems
that are not totally driven by economic terms, but also driven by social behavior.
3.6. Comparison of Modelling Tools
The PEM explains the behavior of supply and demand of the product system as one part of the
economy, which makes it a suitable tool to estimate indirect environmental impacts originating from
market force when being coupled with CLCA. The coupling of PEM and LCA is frequently applied to
an industry or an economic sector to model changes at the macro level, at the national or even global
scale. The coupling of PEM and LCA can perform well in various time horizon, from a very short time
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frame to a long term period. Although it is simple to conduct PEM based CLCA, it cannot provide the
technology or process details. The availability of PEM for the energy sector, and its relevant input data
for running the PEM make it the most frequently used in coupling with LCA for quantifying both
direct and indirect environmental impacts of the energy sector. Although there are complaints on the
incompatibility between PE and LCA, it is possible to match the two approaches.
The GE model explains the behavior of supply and demand of the product system in the economy
as a whole, which makes the coupling of GE and LCA perform well in modelling indirect environmental
impacts in relation with market and policy changes in the whole economy. The coupling of GE and
LCA is suitable to model several economic sectors in a large number of regions, and it has shown to be
most effective for modelling medium to long term change. Therefore, it provides a comprehensive
view of the product system in relation to the economy. Compared to PE, GE requires more time for
collecting data and matching the obtained results to LCA model. Furthermore, its limitation lies in the
incapability of modelling details at product level.
The IO model describes the economic flows of different sectors in the society, therefore, the
coupling of IO and LCA can be applied to model indirect impacts of changes in product inputs and
outputs in several economic sectors. The coupling of IO and LCA can cover all economic sectors in a
large geographical boundary. It can be applied for short term to long term horizons. Its strength lies in
the effectiveness in modelling indirect impacts of a product system due to change in other systems,
with the availability of a public IO database and a similar framework to LCA. Its limits are in the
modelling principle of independence from price and lack of detail at the product level. However, some
exceptional examples from the review indicate the application of IO based CLCA for modelling causal
relationship of price and product system, as well as providing the product details.
The dynamic model simulates the effects of one agent on the system (ABM) or considers different
agents’ interaction in the system as a whole (SD). The coupling of ABM and LCA is used to model
environmental impacts of a dynamic product system, for example, innovative technology, while the SD
and LCA coupling is applied to understand the impacts of the products under complex systematic and
dynamic interactions over time. The dynamic model and LCA coupling normally covers one economic
sector, and a medium to long term horizon. The coupling of the dynamic model and LCA performs
well in modelling technological change at very micro levels, and sector interactions at macro levels.
Although it is quite complex to conduct a CLCA based on a dynamic model, the coupling shows to
be the most effective in modelling socio-economic indicators and offering diversified outputs of both
quantitative and qualitative indicators of sustainability.
With the application of different modelling tools for CLCA, it is expected that there will be a
difference in the obtained results. For example, Dandres et al. assessed the bioenergy policy in the EU
with PEM and GE, and identified that with the application of PEM based LCA, the global warming
impacts are smaller compared to those obtained with GE based LCA. With the application of GE, and
the inclusion of economic evolution, the potential impacts from China as an emerging market, caused
a huge increase in the total global warming impact. For example, the potential life cycle impact of EU
bioenergy policy in/from China is around 5 × 109 kgCO2e with PEM based LCA, while this number is
2.5 × 1012 kgCO2e with GE based LCA [64]. This also happened to other markets such as South Asia,
North America, Middle East and North Africa, etc., and other environmental impact categories such as
human health, ecosystems and natural resources [64].
Regardless of the used model, it is important to highlight that LCA studies generally have an
intrinsic uncertainty related to various factors (i.e., difficulty in the survey of data, lack of detailed
information sources, data quality, etc.) [80]. Thus, transparency of the studies and the use of sensitivity
analysis are paramount for improving the reliability of the results [81].
A summary of the different models for CLCA is presented in Table 1.
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Table 1. Features of the models for consequential life cycle assessment (CLCA).
PEM + LCA GE + LCA IO + LCA ABM + LCA SD + LCA
Application
- Apply for changes
originating from market
force, with disregard of the
whole economy
- One industry or
economic sector
- Various time horizon
- Apply for changes
originating from market
force, with regard to the
whole economy
- All economic sectors
- Medium to long term
- Apply for changes
due to
economic interactions
- All economic sectors
- Various
time horizon
- Apply to changes of one
agent in
socio-economic context
- One economic sector
- Medium to long term
- Apply to changes of the
whole system in
socio-economic context
- One economic sector
- Medium to long term
Input data
Price, demand of the studied
product system, consumption of
environmental inflows,
emission factors
Price, demand of all commodities,
consumption of environmental
inflows, emission factors
Inputs, outputs of goods
and services,
consumption of
environmental inflows,
emission factors
Cost, consumption pattern of the
studied product system,
environmental inflows,
emission factors
Cost, consumption pattern of the
studied product system,
environmental inflows, emission
factors
Obtained results
- Environmental and economic indicators (quantitative)
E.g., change in GHG emissions (tCO2e) and animal feed supply and demand (ton of animal feed)
over time due to increased bioenergy demand or power production.
Change in natural resource depletion (kg of used metal) and generation of different types of power
(at an equilibrium power price) due to increase in solar PV capacity and generation.
Change in climate change impact (tCO2e) and power production and structure of power system by
2030 (at a carbon price) due to policy on renewable portfolio standard.
- Environmental and socio-economic indicators (quantitative
and qualitative)
E.g., changing land patterns for energy crops over time due to change
in bioenergy demand; changing area of land for energy crops (ha) due
to change in farmer behavior.
Dynamics of annual human health impacts for 20 year period (DALY)
due to application of an energy policy.
Reduction in indirect cost (million USD) of electricity generation due
to implementation of Paris Agreement
Strengths
- Availability of data and
energy development model
- Provides product detail
- Availability of data and
global trade model
- Availability of
public database
- Shares a similar
framework
with LCA
- Good at modelling
technological changes at
micro level
- Ability to work with
socio-economic data
- Good at modelling
technological changes at
macro level
- Ability to work with
socio-economic data
Limitations
- Incompatibility between
PEM and LCA, but not too
difficult to match
two models
- Incompatibility between GE
and LCA, and effort to
match two models
- Lack of product detail
- Price independence
- Lack of
product detail
- Difficult to collect data and
complex to run the model
- Difficult to collect data and
complex to run the model
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4. Conclusions
In summary, the coupling of economic models and life cycle assessments quantifies both direct
and indirect environmental impacts of a product system to the extent of change in the technological
development and socio-economic context. During the period of 2006–2020, the commonly used
economic models include partial equilibrium, general equilibrium, input-output, agent based modelling
and system dynamics, in which the coupling of partial equilibrium and life cycle assessment is the
most frequent combination. There is a trend in combining several economic models such as partial and
general equilibrium, partial equilibrium and input-output, and general equilibrium and input-output
with life cycle assessment to make each economic modelling tool the most effective.
The coupling of partial or general equilibrium and life cycle assessment estimates environmental
impacts from the changes due to the market mechanism, with some strengths on the availability of
modelling tools and relevant input data. Partial or general equilibrium and life cycle assessment
models are inharmonious in their databases and modelling approaches. It is not too difficult to match
partial equilibrium and life cycle assessment, while it takes some effort to match general equilibrium
and life cycle assessment. The coupling of input-output and life cycle assessment works well in
modelling environmental impacts induced from economic changes thanks to availability of public
input-output databases and similar frameworks with life cycle assessment. However, the input-output
and life cycle assessment coupling simulates the change with independence from price and lack of
product details. The dynamic model and life cycle assessment combination simulate the social and
environmental impacts, but running a dynamic model is complex and takes a lot of effort for collecting
input data for the models. As a result, the choice of using one or more economic models combined
with life cycle assessment may be determined by the goal of the study, the nature of the changes due to
market mechanisms, economic or social origins, and the availability of data.
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